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(54) Improvements relating to physiological monitoring 



(57) An insomnia or vigilance monitor comprising 
one or more electrodes (1a,1 b) for obtaining an electri- 
cal signal from a subject over a period of epochs, the 
electrical signal bemg related to the sleep or wakeful- 
ness stage type k>eing experienced by the subject; and 
a processor (5) adapted to analyze the electrical signal 
and assign a sleep or wakefulness stage type to each 



epoch to generate a hypnogram. 

Methods of monitoring sleep or vigilance using the 
mastokJ site are also disck>sed. Further disctosures re- 
late to a method of training and testing a first neural net- 
work for use in a physk>k>gical monitor, and a method ol 
assigning a class to an epoch of a physiologk^al signal 
obtained from a subject as a set of samples. 
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Description 

The present invention relates to improvements in physiological monitoring, in particular sleep or vigilance moni- 
toring. 

5 The method currently employed world-wide for seeding sleep recordings is described in Rechtschalfen and Kales 

(1968). *A Manual of Standardized Technology. Techniques and Scoring System for Sleep Stages of Human Subjects". 
Scoring requires the following signals to be recorded: 

electroencephalogram (EEG) - from a position near the top of the head, 
10 two eye channels (electrb-oculogram (EOG)) - from electrodes near the outer canthus of each eye, and 

chin muscle tone (electromyogram (EMG)) - from a pair elec^odes under the chin. 

Sleep scoring breaks the recording into epochs of typically 20. 30 or 40 seconds duration. Each epoch has a sleep 
stage classification applied to it. The six recognised classifications are: Stage Wake; Stage REM (Rapid Eye Move- 
rs ment); Stages 1 , 2. 3 and 4. The classification of each epoch first requires the identification of particuteir features in 
the EEG and EOG, and measurement of the amplitude of the EMG relative to the background EMG level The features 
are kJentffied using frequency and amplitude criteria. Such a recording technk^ue and method of scoring is known as 
polysomnography. 

A set of rules is then applied to the features to obtain the classificatkxi for each epoch. 
20 Examples of conventional EEG traces which have been assigned to the sleep stages mentnned above are shown 

in Figures 9(a)-(f). Figures 9(a)-(f) show the foUcswing stages; 

Figure 9(a) - awake; 
Rgure 9(b) - stage 1 ; 
2S Figure 9(c) - stage 2; 

Figure 9(d) - stage 3; 
Figure 9(e) - stage 4; 
Figure 9(f) - REM. 

30 Once each epoch has been assigned a classificatkxi clean-up rules are applied that can reclassify certain epochs 

according to their context. 

The classifications of each epoch for the entire nighf s recording can be plotted against time. This is a hypruDgram. 
Summary statistcs can be derived from the hypnogram that alk>w objective measures of the quality of sleep to be 
made. 

3S According to a first aspect of the present inventkxi there is provided an insomnia monitor comprising 

(1 ) one or more electrodes for obtaining an electrical signal from a subject over a period of epochs, the etectrk:al 
signal being related to the sleep stage type t>eing experienced by the subject; 

(2) a processor «japted to analyze the eiec^trical sigpial and assign a sleep stage type to each epoch to generate 
40 a hypnogram; 

(3) means for analysing the hypnogram to generate a summary tr>dex of sleep quality over the perkxl of epochs; and 

(4) means responsive to the means for analysing the hypnogram to display the summary index <^ sleep quality. 

The present inventkxi provkJes a devbe which can be self contained, portable and cheap. The devk^e generates 
45 and displays a summary index whk:h provkles a simple objective irKik»tor of the degree of insomnia suffered fciy the 
subject 

insomnia can manifest itself in many forms, and therefore different sleep summary indk:es may k>e generated and 
displayed. For instance a subject may experience a simple lack of sleep. In this case a bw Sleep Efficiency Index 
(whk:h is the ratk> of the time asleep to tfie time in bed) will provkle the required indtcatkxi and Is generated and 

so displayed. Alternatively the subject may have a high Sleep Efficiency Index but may sleep "badly". For instance the 
subject may experience Irregular sleep cycles (eg alternating kxig/short periods of REM sleep). Therefore an alternative 
or additional summary index may connprise an indrcation of the perkxlicity of the sleep/Wake continuum. For instance 
the index may be derived from the perkxfk^ity, variance of frequency etc. of one or more categories of sleep. 

Typically the devk^e is worn by a subject during the night, during whrch time it continually acquires and analyses 

ss the electrical signal which is typkally an EEG signal from the subjecTs scalp. When the recording is terminated in the 
morning it provkles one or more simple incfices of sleep quality whk:h indk:ate how well the subject slept VUues bekyw 
predetermined threshoMs indcate tfiat the subject sfiouM refer to either a general practitkxier or a sleep laboratory for 
further investigatkxi. 
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TTie device is primarily intended for use by general practitioners for use as a screening tool for subjects who claim 
to be insomniacs and ior members of the public who to monitor the quality of their own sleep. 

Providing a summary index reduces the time taken by the physician to make a decision on whether additkxial 
treatment is required, and it does not need partk:uiar skills, making it more suitable for GPs to use. Preferably the 
s summary index comprises a Yes/Ho vaJue indcating whether or not the subject suffers from some form of insomnia. 

The first aspect of the present invention also extends to a metfiod of sleep monttorrig, the metfiod comprising: 

(1) obtaining an electrical signal from a subject over a period of epochs, the electrical signal being related to the 
sleep stage type being experienced by the subject; 

10 (2) analysing the electrical signal and assigning a sleep stage type to each epoch to generate a hypnogram; 

(3) analysing the hypnogram to generate a summary index of sleep quality over the period of epochs; and 

(4) displaying the summary index of sleep quality. 

Using the same physk>k)gk:ai parameters and using a similar process to that descrft)ed above but empk>ymg an 
IS alternative set of rules to those of F^echtschaffen and Kales it is possft>le to construct a 'Wakeogram* that lndk»tes 
the degree of wakefufriess of the subject before they fall asle^, as well as their depth of steep once they are asleep. 
From the Wakeogram it is possftile to derive a measure of the vigilance of the subject. 

in acoordarK:e with a second aspect of the present tnventkxi there is provided a vigilance monitor comprising 

2o (1 ) one or more electrodes for obtaining an electrical signal from a subject over a period of epochs, the electrical 

signal being related to the wakefulness stage type being ^qserierx^ed by the subject; 

(2) a processor adapted to analyze the electrical signal and assign a wakefulness stage type to each epoch to 
generate a Wakeogram; 

(3) means for monitoring the output of the Wakeogram to determine whether the output of the Wakeogram meets 
2S predetermined criteria; and 

(4) means responsive to the means for rruyiitoring the V^^keogram to generate a message when the output of the 
Wlakeogram meets the predetermined criteria. 

The second aspect of the inventkxi provides a vigilance monitor whk:h atk>ws people in safety-critk:al jobs to have 
30 their vigilance directly monitored. Vigilance analysis requires segmentatkxi and classificatksn of the electrical signal 
during wakefulness as well as during sleep. A suitable scoring technique classifies wakefulness into several different 
categories, each representng a lower state of alertness or vigilance. The scorers may use an arbitrary epoch length 
of typically 20 seconds, but other epochs couU be chosen (as per sleep). Just as for sleep, scoring is based on visual 
methods. 

3S The electrical signal or Wakeogram may be stored for later analysis or monitoring. In this case the electrk^al signal 

or Wcikeogram rnay be analysed at a later date to determine whether a predetermined level of vigilance has been 
maintained over the period of epochs. In this case the vigilance monitor typically comprises means for analysing the 
Wakeogram to generate a summary Index vigitarx^e quality over the period oi epochs. The summary index may be 
stored for later output, or may be displayed by the vigilance monitor. Preferably however the Wakeogram is analysed 

40 and the message is generated during the period of epochs. In this case, the message gives a real-time continuous 
indicatkm of the vigilarx:e of the subject. 

When the output of the Wakeogram meets the predetermined criteria, whk:h typically have been determined in 
advance as representing a k>wered level vigilance, the device generates a message of some kind. This might t>e an 
aud&>te, visual or electronk: message and may be used to alarm the subject. 

^ The second aspect of the present inventkxi also «ctends to a method of vigilance monitoring, the method com- 

prising: 

(1) obtaining an electrical signal from a subject over a period of epochs, the electrical signal being related to the 
wakefulness stage type being experienced by the subject; 
so (2) analysbig the electrical signal and assigning a wakefulness stage type to each epoch to gen erate a WScikeogram; 

(3) monitoring the Wakeogram to determine whether the output of the Wakeogram meets predetermined criteria; 
and 

(4) generating a message when the output of the WSakeogram meets the predetermined criteria. 

ss The foDowing comments apply both to the insomnia monitor according to the first aspect of the present inventkxi 

and to the vigilance monitor according to the second aspect of the present invention. 

The hypnogram or Wakeogram may be generated from a plurality of electrical signals from standard sites (eg EEG, 
BOG, EMG etc). Preferably however the devk» generates the hypnogram or Wakeogram from a single channel only 
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(preferably an EEG channel). The use of only a single EEG channel reduces the cost of amplification circuitry and 
fewer electrodes are required to perform a recording than traditional polysomnography recordings. 
The device typically comprises a portable, battery powered, setf contained unit. 

The summary index or message is typically generated within the device. The index or message can then be rep- 
5 resented by displaying it on a digital display and/or by sounding an audft>le alarm and/or by storing it within the device 
for later rev»w. Alternatively the index or message may be transmitted to another device (e.g. by transmitting it to a 
computer via a serial interface). 

The insomnia or vigilance monitor may store the ortgmai EEG signal and analyze the stored signal at the end of 
a period of sleep or at the end of a period vigilance nxsnitoring. Typically however the Insomnia monitor or vigiteince 
10 generates the hypnogram or Wakeogram *on-the-fly* arxJ further comprises a merTK>ry adapted to store the hypnogram 
or Wakeogram. This minimises the cost of memory - 12 hours of EEG would require typically 4MB of non-volatite 
storage. If the analysis is performed on-line only the results need to be stored, which can be done rmre cheaply, in a 
fewkB. 

According to a third aspect of the inventkxi there is provkled a method of sleep or vigilance monitoring, the method 
IS comprising obtaining an EEG si^al from the mastokJ site behind a subject's ear, and performing sleep or vigilance 
analysis on the EEG signal. 

The mastoid site provides a novel site for rrxxiitoring electrical activity to monitor sleep or vigilance quality. The 
nr^toid sites lie t>eiow the halrtine. This atk>ws disposable, stk:k-on electrodes to k>e used vistead of the glued^xi 
electrodes normally required for sleep studies. The latter require acetone based glues and solvents to be used, and 
20 require trained personnel to fit them. 

The mastokl signal cannot necessarily be interpreted by humans but offers advantages in ternDs of hook-up time, 
convenience, comfort, aesthetics, and towered skill requirements for appiicatnn. 

Typically the method comprises obtaining a differential signal t>etween the two mastoid sites. 
Preferably the sleep or vigilance analysis (such as potysonviography analysis) is carried out on the mastokl EEG 
^ si^al alone. Typically the analysis is carried out by a neural network. 

Preferably the first and/or secorKJ and third aspects of the invention are combbied, ie. the electrical signal is ob- 
tained in step (1 ) from the mastokl site. 

The sleep-wake continuum can be fully described in tenms of a finite number of continuous processes; for insomnia 
monitoring these are Wakefulness, Dreamin^Light Steep and Deep Sleep. These correspond to the human-scored 
30 stages of Wake, REM/Stage 1 and Stage 4. Wakefulness can be further partitioned into different degrees of Wakeful- 
ness or Vigilance, such as Active WeUco. Quiet Wake, Wake with high alpha content. Wake with high theta content. 
What is required is a means of tracking the time course of the EEG as it moves between these processes. 

Typk^ally the processor of the first or second aspect of the invention and the means for performing sleep or vigilance 
analysis according to the third aspect of the nventton comprises a neural network such as a multilayer perceptron 
3S (MLP). The requirements outlined at)Ove are kieally matched to the functkxial capabilities of an MLP This neural 
network can be trained to perform polysomnography analysis on a single EEG channel (instesKl of 1 EEG, 2 EOG and 
1 EMG). it also can bo trained to analyze an unconventtonal EEG signal, such as the mastokJ signal. 

Since conventional neural networks are statk: pattern classifiers, the EEG si^al must be segmented into frames" 
during whk^ the signal properties can be deemed to be stationary. The EEG is usually consklered to be quasi-stattonary 
40 over intervals of the order of one second, as this is the characteristic time of key transient features such as sleep 
spirtdies. The important information in the EEG is in the f requerKzy domain. An auto-regressive (AR) model of the EEG 
signal provkies ^lequate representatton of the EEG during the sleep-wake continuum arxJ may t^e used as an input 
representatton to train and test the neural network. If a 10 coefficient model is used, for example, this gives a 10-di- 
mensional input vector to the neural network for every one^second segment <^ EEG. In the case of vigilance monitoring 
^ the optimal number of coefficient is typk:atly higher than 1 0, as the si^ial t>ecome8 more complex during wakefulness 
so that a higher order model is needed to describe it fully. 

The signal from a rxivel electrode site such as the mastoid site cannot k>e easily analyzed using the standard 
human scoring methods discussed s^bove. 

According to a fourth aspect of the present inventkxi there is provkled a method of training and testing a first neural 
so network for use in a phystotogical monitor, the method comprising; 

(1 ) obtaining a first set of physk>k>g»al signals from a subject, each member of the set being obtained over a perkxj 
of epochs on a subject; 

(2) obtaining a second set of physk>k>gk:al signals from the subject, each memt>er of the set bevtg obtained over 
ss the same epochs as a respective member cS the first set of signals, and having a correlatton with the respective 

member of the first set of si^ials; 

(3) assigning a class to each epoch t>y analysing the set first signals by a known method; 

(4) separating each set of signals into a set of training signals and a set of test signals; 
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(5) training a second neural network by inputting the training set ol first signals and using the classes assigned to 
each epoch as training labels; 

(6) tralntng the first neural network by inputting the training set of secorKl sigrmis and using the classes assigned 
to respective epochs of the first set of si^ls as the training labels; and 

5 (7) monitoring the performance of the first neural network by comparing the class assigned to each epoch by the 

first and second networics when Input with the second and first set of test signals. 

The fourth aspect of the present inventkxi provkJes a method of training a neural network to act on input data (ie 
the second signals) which cannot be analyzed in a conventkx^l way Provided that there ts a correlatkxi (which nray 
10 be non-linear) between the two sets of signals^ the first neural network can be trained using the second signals as 
input data, but using labels which are obtained from the first signals in a conventk>nal way. 

For example, the signals imy be derived from different phys»k>gicat measurements; for example, the first set of 
signals may comprise signals derived from the EEG of a subject, and the second set of si^ials may relate to the bkxxl 
pressure of the subject over simultaneous epochs. 
IS Preferably however the method is used to train and test the neural networic of a sleep or vigilance monitor whKh 

is used to monitor an electrical signal (ie. the second electrical signal) which cannot be analyzed using standard poly- 
somnography analysis. The second network is trained using lat>els obtained from a first set of signals from standard 
sites (typk^ally BEG from the sca^, two EOG signals and an EM6 signal) whk:h can t>e analyzed using standard 
polysomnography analysis. Typically the second electrical signal is an EEG serial obtained from an electrode site 
20 which cannot necessarily be scored by humans (such as the mastoid site). 

The technk)ue of training a neural network to obtain the same output from indirectly related but different input 
signals (in this case, of EEG taken from different sites) can eerily be applied to other analysis systems irx^hiding an 
off-line sleep or vigtlarice analysis system that retrospectively analyses stored data. 

According to a fifth aspect of the present inventkxi there is provided a method of assigning a class to an epoch of 
2S a physk>k>gk»l signal obtained from a subject as a set of samples, the method comprising 

(1 ) estimating the probability of each of a plurality of stage types for each sample; 

(2) cumulatively multiplying the probabilities for each sanr^le with the prot>abilities of a prevnus sample; 

(3) determining which stage type has the highest probability when aU samples in the epoch have been cumulatively 
30 multiplied; and 

(4) assigning that stage type to the epoch. 

Typically the phys»k>gical signal comprises an EEG si^al. The signal may be obtained from the mastoid site. 

Preferably the methods of the fourth and/or fifth aspects the riventkxi are emptoyed in the productkxi andAor 
3S operatkxi of an insomnia monitor according to the first aspect of the invention or a vigilance nrxxiftor according to the 
second aspect of the inventkxi. In additnn, the methods of the fourth andAcx fifth aspects of the present inventkwi may 
be combined with a method acconilng to the third aspect of the present inventkxi. 

Embodiments of all aspects of the present inventkxi will now be described with reference to the accompanying 
drawings, in which: - 

40 

Figure 1 is a bkx:k diagram of an emtxxiiment of an insomnia monitor or vigilance monitor according to the first 
and/or second and fifth aspects of the present invention; 

Figure 2 illustrates an example of the multi-layer perceptron (MLP) neural network used by the monitor; 
Figure 3 illustrates the stgnrKMdal non-linearity used in each oi the MLP's hkJden and output units; 
4S Figure 4 is an example ol the neural network's outputs; 

Figure 5 is a bkxk diagram illustrating an embodiment ol the method of training and testing the neural network 
according to the fourth aspect of the present invention; 

Figures 6(a) to 6(c) illustrate second-by-second output probabilities from a three-class MLR for (a) Wakefulness, 

(b) Light Sleep/REM. (c) Deep Sleep; 
so Figure 6(d) illustrates the pseudo-hypnogram obtained by subtracting (c) from (a); 

Figure 6(e) illustrates a hyprK>gram obtained by multiplying output probabirities according to the fourth aspect of 

the inventkxi from a six-class MLP over 30-second epochs; 

Figure 6(f) illustrates the corresponding human/scored hypnogram; 

Rgure 7 illustrates the insomnia or vigilance monitor main processing kx3p; 
ss Figure B illustrates the Kohonen maps from independent analysis made on data recorded simultaneously from 

standard and novel EEG electrode sites; and. 

Figures 9(a) - 9(0 illustrate conventional EEG traces for the varkMJS stages of sleep. 
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A block diagram of a typical tmpiementation of the device according to ttie invention is described belowt which 
refers to Figure 1. 

The device is a small, self contained portable unit that can continually acquire and analyze EEG signals for at least 
12 hours. Results are held in non-volatile data memory 7 for later cSsplay on LCD display 11 or down-loading via an 

s isolated RS232 link 12. 

Power is provkied by internal primary or recharge^le k>atteries and a regulated power supply 9. 
Signals are acquired from electrodes 1 mounted on the subject's head via switching crcuitry 2 and input amplifier 
3. The input amplifier has an anak>gue bandwkfth of at least 0.5Hz-^Hz and is of a high gain, tow no^e instrumentation 
design. The signal is input to low-pass fitter 21 to reduce unwanted aliasing components before anatogue to digital 

10 converskxi. The signal is regularly heM by sample and hoM circuit 22 and converted to digital fomiat by anatogue to 
digital converter 4. The resultant quantised data samples are transferred to tow power mtorocontroller 5 for processing. 
The sampling rate is typtoally 128Hz and the quantisatkxi of the anatogue to digital converter 4 is typically 12 bits, 
whtoh pravkies sufficient dynamic range not to require a gain control on the input anr^>lifier 3. 

When recording one channel of EEG from the mastoto site, three electrodes are typically necessary; two of them 

IS (la,lb) comprise the differential toputs to input amplifier 3 (the recording is of one part of the body wfth respect toanc^er; 
in this case the two parts are the two mastoid sites), and the third is an 'indifferent* lead (not shown) wtK>se sole 
f unctton is to allow input amplifier return currents to flow. The indifferent lead can be attached to any part of the subject* s 
body. It is possible to produce an amplifier wittK^ an indifferent lead, but the performance is not as satisfactory. Due 
to the tow amplitude of the sigrtals (in the 0-200p.V range), the iacX that the subject is fairly mobile, and the urKX)ntroiled 

20 environment in whtoh the equipment is operating, the number of potential sources of artefact contaminatton of the 
signal are sut>stantial; a poorly designed system will even detect the passage of the subject through the earth's magnetk: 
fieto. 

Before signal acquisitton begins, the impedances of the electrodes on the subjects head are measured tsy caustog 
impedance measurement circuitry 10 to drive a signa\ of known amplitude and source impedance via the switching 
2S circuitry 2 throu^ each of the electrodes 1a, lb in turn onto the subject's scalp. The resultant signal b measured by 
the mtorocontroller by the process descr1t>ed above and from it the impedances of each of the electrodes fitted to the 
subjects scalp are cateulated In turn. A waming message is displayed on the LCD display 11 if the Impedance of either 
of the connecttons to the subject's head is unacceptably high. 

During data acquisitton, the devtoe continual^ acquires EEG signals from the subject's head for analysts. The 
30 microcontroller 5 analyses the quantised values and from them generates results tfiat are stored in the non-volatile 
data memory 7. 

The programme for the microcontroller is heW to progranrvne memory 6. 

Real-time dock 8 which can be read from and written to by the mtorocontroller 5 altows the results to be stored 
relative to the time of day. 

35 Watchdog 20 resets the microcontroller 5 if the microcontroller fails to write to it pertodicaliy. If the microcontroller 

5 is reset it will identify whether it was in record before the reset was received and if so, go back irrto record so that a 
minimal amount of data is lost. 

Alarm 61 may be activated if the devtoe is a vigilance monitor arKl the processor 5 has determined that the level 
of vigilance of the subject is unacceptably tow. 
40 Control of the devtoe is via switches 13, some of whtoh can be read the mtorocontrottor 5. OnOff switch 14 

turns the device on and off; select switch 15 displays successive prompts and results on the LCD screen 11; enter 
switch 1 6 accepts the command currently displayed on the LCD screen 1 1 ; record switch 1 7 puts the device into record 
whtoh starts signal ^x^uisitton. processrig and storage. 

When the devtoe is switched on the user can choose whether to vtow the results from the prevtous recording; 
^ down-toad the results from the prevtous reconfing into a computer or to a printer cJelete the results from the prevtous 
recording; or go into record, after first performing an automatto impedance measurement 

The neural network is a software algorithm running on the microcontroltor 5. It could be nnplemented directly in 
hardware to reduce power consumptton. 

The tow pass fitter 21 can be either part of the input amplifier 3 or be achieved in the sampling process itself within 
so the anatogue to digital converter 4 If a sigma-delta device is emptoyed. 

The tTKlex can be displayed on an LCD display, an LED display, or all control and output informatton can be dis- 
played on an extemal computer 19 (e.g. via an RS232 connectton). 

The RS232 connectton 12 can tie any type of communtoattons interface to another piece of equipment, with or 
without a built-in isdatton t>arrier, or it can be omitted entirely. 
ss There may not need to be a power supply circuit 9, the device using the output of the batteries directly 

The alarm 61 may be replaced by a software transmission to an extemal piece of equipment such as external 
computer 19 via R5232 connectton 12. 

There need not be the controls illustrated. All that Is necessary is to start the recording, stop the recording and 
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display the results. 

The stored results can include or exclude the original EEG; the second-by-second neural network outputs; the 
individual epoch stage classifications. 

Impedance measurement could be started manually or automatically or be omitted entirely if alternative means of 
s measurement were available. 

An example of the MLP architecture implemented in the microcontroller 5 is shown in Figure 2. This comprises a 
number of inputs Xi,X2....X|, a number of units h^,h2,...hj in a so-called hidden layer, and a number of output units y^, 
y2,...yo with weighted connections linking each input to the hidden units and the hidden units to the output units. The 
input to each unit is a weighted sum of the outputs from the units in the preceding layer (or the inputs to the network 
10 in the case of the hidden units). The output from each unit is a rKxiltnear functksn of the weighted sum at its input. The 
non-linearity used in e^h unit is usually a sigmoidal f unctkxi of the form shown in Figure 3, so thiat the response of 
each unit to the weighted sum at its input is always bounded between O and 1 . 

The neural network thus performs a nonlinear mapping from its inputs to its outputs, with the form of this moping 
determined by the values of its connectton weights. TTiese weights have random values to begin with, but are then 
IS adapted during a subsequent training phase t>y presenting the vectors at the network's Inputs for which the target 
classificatk>n (e.g. W,REM/S1 or S4) at the networl^s outputs Is already known (labelled data). The values of the 
connectkxi weights are then iteratively adjusted so that the observed response at the network's outputs nriore closely 
resenr>btes the desired resportse. 

The most popular training algorithm for MLPs is the error back-propagatkxi algorithm. This seeks the set of weights 
20 whk:h minimises the mean of the squared errors between the network's observed outputs and the corr^porKlIng de- 
sired outputs over aO of the input vectors in the training set of lat>elled data. If the latter contans N input vectors then 
the error criterion to tie minimised is given by: 



2S 



k-1 



(1) 



30 

where K is tk\e number of network outputs; y^^, y^ is the response at these outputs to the nth input vector 

in the trainnng set and d|„, d^,.... d^n are the desired output values. 

The vectors generated for one-secoiKl sectkans of consensus-scored data are divkied into a training set and a test 
set. If three processes (V\^e, REM/stage 1 arKi slow wave sleep) are to be separated, then the desired output values 
3S used during training are [1 ,0,0] for Wakefulness, [0,1 ,0] for REM/stage 1 and [0,0,1 ] for Deep Sleep. To separate these 
three processes the performance on the test set is optimal when six hkJden units are used (i.e. the MLP has a 10-6-3 
architecture). 

if the classes have overlapping distributk)ns in feature space, then the output values obtained for input vectors in 
the overlap regkxis will be somewhere between 0 arKi 1 . It has been shown (a well-known resuR in the literature) tfiat 
40 these output values can be interpreted as probability estimates. Hence they represent the probabilities that an input 
vector bekxigs to one of the three output classes. This enables the MLP to interpolate between ttiese classes when 
input vectors from sectkxis of intermediate sleep are subsequently presented to it. This means tfiat the MLP, trained 
exclusively on input vectors for V^kef ulness, REM^tage 1 and stage 4, for instance, can track the entire sleep-waka- 
fulness continuum. 

45 The results in Figure 4(a)~(c) show the time course of the network's outputs when the tenth-order AR model is 

fitted to each seoorKi of a yV^-hour EEG sleep recording. These reveal all of the key features of a normal nighfs sleep, 
starting in Figure 4(a) arKi (c) with a rapkJ descent from wakefulness to deep sleep, and folk>wed n Fi^re 4(b) arxJ 
(c) by a regular cycling of REM and Deep Sleep as sleep waxes and wanes through the night. The mean vakies of the 
outputs in Figure 4(b) and (c) increase and decrease respectively as the night progresses, reflecting the predominarv:e 

so of deep sleep early ki the night, folk^wed by an increase in the amount of REM sleep in later cycles. 

A flow chart illustrating a method according to the fourth aspect of the present inventnn used to develop algorithms 
capable of scoring sleep or determining the level of vigilance from rKDvel electrode sites is shown in Figure 5. Unless 
otherwise stated the descriptkxis that follow apply to an insomnia monitor but identk:al principles operatkxi also 
apply to a vigilance monitor. 

ss Recordings are made on several subjects, simultaneously recording signals 30 from standard sites for EEG, EOG 

(x2) and EMG, and from the novel site. The novel site chosen may typically be the mastoU site behind the ear 

Each recording is scored by at least 3 human experts at 31 , who score each epoch in the recording according to 
pre-agreed rules. These may typically be the rules of Rechtschatfen and Kales. The standard electrode posrtkxi must 
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be used because no rules exist for scoring from other electrode sites. 

Those epochs for which there Is consensus agreement of scores are Identified at 32 and randomly divided at 33 
intoa training set, the EEG from which will be used to train the neural network, and a test set against which the network's 
performance will be measured. The same number of epochs fw each stage type must be included in the training set 
s to ensure a batartced representatkxi of the signal within the network. 

All the recordings are divkJed into short windows (one second has been found to be optimal and will be assumed 
for the rest of this description) aiKl each window is preprocessed using a frequency domain representatton to klentify 
the dominant frequencies within it An allix>le, autoregressive model and a Kalman filler have both been shown to 
work effectively as preprocessors. For each window, the coefficients of the filter provide a representatkxi of the dominant 
10 frequencies in the EEG present withon it and are used as inputs to the neural network. The statKlard and novel EEG 
channels are filtered separately at 34. 

Two neural networks are trained. Network 'A* is trained at 35 on filter coefficients from preprocessed standard 
EEG. and network "B' is trained at 36 on filter coe1fk:ients from preprocessed ruavel EEG. The trainng labels for both 
networks are the consensus human scores. Only data from the training epochs are used. The outputs from training 
IS are connectksn weigjhts for the two neural networks. 

It has been srK>wn that the sleep wake continuum can be fully described in terms of three continuous processes, 
con^esponding to human scored stages V^e. REM^Stage 1 and stage 4. These stages are therefore the minimurn 
stage classificatk>ns that must l>e part of the tTEming set and result in a neural network that generates three outputs, 
corresponding to the probabilities that the subject is in Stage Wake. Stage REM/Stage 1 and Stage 4 (using the pre- 
20 processed EEG signal atone as input, the network is unable to discrimonate between human scored Stage REM and 
stage 1 sleep, but the distinction is unnecessary for vigilance or insomnia studies). The performarK:e of the network Is 
measured by the error rate classificatnn when the network is fed with data from the test set. 

Each recording in turn is then analyzed at 37 using network *A". For each recording three probabilities are generated 
per second. The complete recordings are processed. CoeffkHentsfrom the preprocessor fed with EEG from the standard 
2S electrodes site are used as inputs 37. 

Each recording in turn is then analyzed using network "B" in the same way, using coefficients from the preprocessor 
fed with novel EEG 38. 

A mettKxJ <rf assigning a class to an epoch according to the fifth aspect erf the present ^ventton is implemented in 
the device of Figure 1 and is described beiow with reference to Figures 6 and 7. 
30 Compared with the epoch length (typk»lly 2&-40 sees), the network outputs are over-sampled. A single sleep 

stage classification is required for the whole epoch, derived from the one-second network outputs. Ihe following method 
is used to convert from 20. 30 or 40 sets of three probabilities to a single optimal classlfteatkxt for the epoch. 

The mean 3-D vector over an epoch, for each off the chosen classes (typically WSake, REM/Stage 1 . Stages 2. 3 
and 4), for alt the data in the training set. is first determined. For each of the one-second probability outputs from the 
3S analyzed recordings, the successive probabilities are multiplied together over each epoch to generate a 3-D vector for 
that epoch. A nearest class mean classificatkxi metfiod is used to assign a state to the vector descnbing that epoch. 

This is described in rTX>re detail t>ek>w. 

SirK^ the MLP employs a one-out-of-N output coding and is trained Ijy minimising a squared error cost funcfion. 
the outputs are estinriates of posterk>r probabilities which can be combined probabilistk^lly over time to give a ctassi- 
40 ficatk>n over, say. 30-second epochs. 

Assuming that the successive input vectors form an independent sample set (an assumptnn. off course, whwh is 
rK3t entirety valkj), combined output probabilities can be computed by multiplying individual outputs: 



45 



(2) 



so 



whof® [^kloornb is the kth combined output probability, and [y^J is the kth output from the rrrth obsen/atkxi. (For 
a 3-output network. 1 :S k^ 3; for 30-second epochs. M = 30.) 

In order to make sure that negative and near zero outputs are non generated, a softmax function is used during 
both training and testing. The softmax f unctkxi is: 



SB 



exp(y,,) 



(3) 



£,,exp(y^) 



Using the softmax functkxi ensures that indivklual outputs are always between 0 and 1 , and tfiat outputs sum to 
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one. Corresponding outputs from successive segments can be muftq>|jed together (attemativeV the togarithms of the 
probability values can be SKfded together). The irKl«c of the maximum combcried probability determines the classifica- 
tion. 

The objective of the probabilistk: combination desorfbed above is, of course, to generate hypnograms for conrplete 
s epochs of the chosen duration (eg 30 seconds), with the same output cbssificattons as the selected rule system. Since 
it is not possible, however, to discriminate between human-scored stage REM and stage 1 sleep on the basis of the 
EEG alone, the neural network can only be used to generate in the case of an insomns monitor a 5-state classification 
(WSake. REM/stage 1 , stage 2, stage 3 or stage 4). These 5 outputs can be generated, over the complete epochs, from 
a 3-OLitput MLP of the type which has already been described or from a 5-output MLR The training of the latter is simi^r 
10 to the training the 3-output MLP, except that consensus-scored data for stage 2 and stage 3 are also used in the 
training phase. 

If a three-output MLP is used, the mean 3-D vector over an epoch for each of the five classes is first determined 
from all the data in the training set. For each off the 30 one-eeoond EEG segments bekinging to a consensus-scored 
epoch of stage wake, stage REM^stage 1 . stage 2, stage 3 or stage 4 sleep, the successive probabifities are multiplied 

IB together to generate a 3-D vector for that ctess. All such vectors are then averaged across the training cteta set to 
generate the mean vector for each of the 5 classes. Then, for each of the one-second prot>abilfty outputs from the 
analyzed recordings, the successive probabilities are multiplied together over e^:h epoch to generate the average 3-D 
vector for that epoch. A nearest class mean dassificatton method is used to assign one of the 5 classes to ttie average 
3>D vector describing that epoch. 

20 If a five-output MLP Is used, a simpler procedure is sufftelent. For each of the one-second probability outputs from 

the analyzed recordings, the successive probabilities are multiplied together over each epoch to generate a 5-0 vector 
for that epoch. The output with the largest resultant value is used to indk:ate the classificatton of that epoch. 

The output is therefore two hypnograms for each recording, generated from the neural networks at 39,40 in Figure 5. 
A five way comparison is made between the hypnograms scored by each human and the hypnograms from the 

2S two neural networks to generate an inter^scorer rating for each stage type. The scoring df network "B" using novel EEG 
is compared with the scoring of network "A" using standard EEG. arKi each is compared with humans scoring against 
each other at 41 . 

The stage scores from the consensus scored epochs from the test data set are compared with the scores from 
network "A" and network "B". in turn. This alk>ws the performance of the two networks to be compared on a data set 
30 that was rK>t irtcluded in the original traniing set at 42. 

Figure 6 illustrates MIP outputs 6(a)-(c) and a hypnogram 6(e) obtained as described above. Figure 6(f) shows 
the corresponding human-scored hypnogram. 

Different types of neural network may be used. Results are similar using either a multi4ayer perceptron (MLP) or 
a rad^ t>as^ function (RBF) network. 
3S The EEG sigr^ls from the preferred novel electrode site on the mastoid are generally more contaminated by noise 

than those from the standard (central) electrode site. It is important to ensure that the network ^ trained on^ using the 
highest quality data as its output is only as good as its training data. To ensure this, network "B** can be trained with 
data from just those sections of epochs from the training set for which network "A" agreed with the consensus classi- 
ficatk>n with a reasonable probability. 
40 A fk3W chart for the acquisitEon and processing of data according to the fourth aspect of the inventk)n is shown in 

Figure 7. 

Once put into record SO, after checking whether the recording must continue 51 the mk:rocontroiler acquires c^ta 
from the novel electrode site at 52 until it has a second's worth at 53. The data is preprocessed at 54 with the same 
preprocessc^- and 3 or 5 output neural network at 55 as used during the testing phase descrit)ed above for network 
45 "B". Once &n epoch's worth of d^ta has been processed at 56, it is assigned a sleep stage at 57,58. again using one 
of the two methods descrit>ed above for either a 3-output or 5-output network. The value is stored at 59 in non-volatile 
memory and the process continues until the end of the recording. 

In the case of an insomnia monitor standard sleep statistics are generated at 60 from the resultant hypnogram, in 
partteular, the sleep effictency index, which is the ratk> the number of sleeping stages to total stages during the night. 
so This figure is displayed to the subject or physician on request and is used to determine whether or not the subject had 
a good nights sleep. A&ematively or in 3dditk>n the ratio of deep sleep (stage 3 or 4) to total time may be calculated 
and disp^yed. Alternatively or in addition the °qualrty° of deep steep may be calculated by determinnig the length of 
each deep sleep episode, and displayed as a sleep "quality" index. 

The device provides a summaiy of sleep using a kyuf-cost device. fsk> clinical expertise in sleep scoring is required 
ss to interpret the results. Electrode applkstkvi Is simple, using stick-on electrodes that are fitted bekmr the hairline. No 
training is required to fit them. 

Only three electrodes are required (two rr^stokj plus one indifferent electrode attached to any part of the body 
and to OV on the recorder via a suitable resistor) instead of between 7 arKi 9 for a standard poiysomnograph ic recording 
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(two EEG (in the hair), two or four for EOGs» tvwo for EMG and an aidilferent). 

Standard summary analysts results are generated despite using an unconventional electrode site. 

The unnecessary usa^ <^ hypnotic drugs is reduced by measuring objectively the qual'rty of sleep. 

In the case df a vigilance monitor, the vigilarx^e level is monitored at 64, and if it drops below a predetermined 
5 threshold, a warning message is generated at 65. This may be used to alarm the subject, or may be stored for later 
analysis. 

An experiment investigatrig the use off a mastokl signal is discussed below with reference to Figures 8A-H. 
A set of overnight recordings was taken from ten subjects, consisting of a central EEG signal and two channels 
of mastoid EEG. The central EEG signal from each subject was scored by three experts. A balanced data set of central 

10 EEG data from all of the ten subjects was then constructed. The least well represented class was slow wave sleep: 
there were only 147 epochs (ie. 4410 seconds) of consensus-scored stage 3 and stage 4. The overall size of the 
database was therefore 4*4410 sets ol 10-dimensional auto-fegressive (AR) coefficients (one for each of the four 
classes: slow wave sleep - stage 3/stage 4. stage 2, REMAstage 1 and wakefulness). Figures 8A-0 are 10*10 feature 
Kohonen maps for the central EEG data. Kohonen maps are a form of neural network whk:h enable the visualisatk)n 

IS of the 1 0-dhnensional data. Figure 9A corresponds with the wakefulness stage. Figure 9B corresponds with the REM 
^ge, Figure 9C corresponds with the sfow wave sleep slage and Figure 9D corresponds with stage 2. The crosses 
on each map indicate the units which are most often visited by a given sleep stage. These maps provkie a 2D visual- 
isatksn of the 10-dimensfonal AR coefficients an6 their topologk:al preservatkxi properties aik>w us to verify whether 
stage 2 is an intermediate stage between REM/li^t sleep and deep sleep, for example. If we examine Figures 9A-G 

20 we see that wakefulness lies brolly in the lower part of the map, REM directly at>ove it and skiw wave steep at the 
top of the map. Stage 2 is indeed an intermediate state as it is fourKi in the mkfclle of the map and at the top on the 
rig^t hand skle. 

The correspondflng mastoki EEG signals were extracted for the same 4*441 0 one seoorxi segments and given the 
same labels as had t>een assigned to the central EEG data. 

2S Figures 9E-H are 10*10 feature Kohonen maps for the mastoid EEG data. Figure 9E corresponds with the wake- 

fulness stage. Figure 9F corresponds with the REM stage, Figure 9G corresponds with the skyw wave sleep stage and 
Figure 9H corresponds with stage 2. 

It is important to note that the central EEG maps (Figures 8A-D) and the mastoid EEG maps (Figures 8E+I) were 
independently trained, a fact which can be verified by the presence of a 90 degree rotation between Figures 8A-D and 

30 8E4f . Taking this 90 degree rotatksn into account, it can t>e seen that the corresponding mastokJ EEG data is very 
similar. This indteates ttiat there is suffnient infomrmfon in the mastoid EEG for dtscriminatkxi between the four main 
types of sleep and also that this informatkxi can be extracted through the use of an auto-regressive model. 

The methods and apparatus described prev»usly may also be applied to apparatus for vigilance monitoring. That 
is, the insomnia monitor illustrated in Figure 1 and trained according to the algorithm illustrated in Figure 5 may t>e 

3S adapted as a vigilarice monitor which is of particular use in safety-critical jot>s. Vigilance analysis requires se^nentation 
and classifkstkxi of an EEG signal during wakefulness as well as during sle^. The result of a vigilance analysis is a 
*Wakeogram*. The scoring technk)ue required for a VS^keogram is similar to that of a hypnogram, except that it en- 
compasses states of wakefulness, as well as sleep. The two charts can be regarded as overlapping in light sleep. As 
with a hypnogram, the Wakeogram is scored according to rules based upon human observatkxi of the EEG. EOG and 

40 EMG signals. The rules typk^aHy refer to the amount of time in each epoch tfiat frequencies over specifk: band wkfths 
occur. 

An example of a suitak>le Wakeogram scoring technk)ue is descrft>ed in "Acute effects of hydroxyzine on rKXtumal 
steep and sleep tenderM;y: a C-EEG study* Alford C. Rombau^t N, Jones J, Foley S, Idakowski G. Hridmarch I; 
Human Psychopharmacotogy 1992 vol 7 pp 25-35. 
4S The low power microcontroller 5 monitors the Wakeogram such that when the Wakeogram assigns an epoch to a 

category which indk^ates a high level of drowsiness, an alarm 61 is issued. This is typk^ally an audible alarm. In additkxi, 
the vigilance monitor may store the Wakeogram andfor cateulate and display a summary index of vigilance quality (for 
instance indbating the percentage time in which the subject is active and alert). 

so 

Claims 

1. An insomnia monitor comprising 

ss ( 1 ) one or more electrodes for obtaining an elec^ical si^ial from a subject over a period of epochs, the electrical 

si^ial being related to the sleep stage type being ^cperierwed t>y the subject; 

(2) a processor adapted to analyze the electrical signal and assign a sleep stage type to each epoch to generate 
a hypnogram; 
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(3) means for analysing the hypnogram to generate a summary index of sleep quality over the period of epochs; 
and 

(4) means responsive to the means for analysing the hypnogram to display the summary index d sleep quality 

2. A vigilwce monitor comprising 

(1 ) one or more electrodes for obtaining an electrical signal from a subject over a period of epochs, the electrical 
signal t>eing related to the wakefulness stage type being experienced tyy the subject; 

(2) a processor adapted to analyze the electrical signal and assign a wakefulness stage type to each epoch 
to generate a Wakeogram; 

(3) means for monitoring the Wakeogram to determ^e whether the Wakeogram meets predetermined criteria; 
and 

(4) means responsive to the means for monitoring the V\feikeogram to generate a message when the Wakeo- 
gram meets the predetemnined criteria. 

3. An insomnia or vigilance monitor according to claim 1 or claim 2. wherein the electrical signal comprises a single 
electroencephak>gram (EEG) channel, and the hypnogram or Wakeogram is generated from that signal only. 

4. An insomnia or vigilance monitor according to claim 1 or 2 wherein the electrical signal is obtained from an electrode 
site whk^ carmot necessarily t>e scored by humans, such as the mastoid site. 

5. An insomnia or vigilance monitor according to £Hiy of the preceding claims further comprising a memory adapted 
to store the hypnogram or Wakeogram. 

6. An insomnia or vigilance monitor according to any of the preceding claims wherein the nnonitor comprises a single 
portable unit 

7. An insomnia or vigilance monitor according to any of the preceding claims wherein the index comprises a Sleep 
Effk:iency IrKiex or an ffidx»tnn of the periodk:fty of the sleep/Wake continuum. 

& A method of steep or vigSance monitoring, the method comprising obtaining an EEG signal from the mastokl site 
behind a subjecTs ear, and performffig steep or vigilance analysis on the EEG signal 

9. A method according to claim 8 wherein the method comprises attachffig first and secornJ electrodes to first and 
second mastoki sites and nrxxirtoring the differential electrical signal between the two mastoid sites. 

10. A method of training and testing a first neural network for use in a phy8k>k3gk»l nrxxiitor, the method comprising; 

(1 ) obtaining a first set of physk>k>gk»l signals from a subject, each memtoer of the set being obtained over a 
period of epochs on a subject; 

(2) obtatnbig a second set of physotogical signals from the sub^t. each member dl the set being obtained 
over the same epochs as a respective member of the first set of signals, and having a corretatkxi with the 
respective memt}er erf the first set of signals; 

(3) assigning a class to each epoch by analysing the set of first signals by a known method; 

(4) separating each set of si^ials into a set cH training sigr^ls and a set of test signals; 

(5) training a secorxi neural networtc by inputting the training set of first signals and using the classes assigned 
to each epoch as training labels; 

(6) training the first neural network by inputting the training set of second si^ials and using the classes assigned 
to respective epochs of the first set of signals as the training labels; and 

(7) monitoring the performance of the first neural network by comparing the class assigned to each epoch by 
the first and second networks when input with the second and first set oi test signals. 

11. A method of assigning a class to an epoch of a physk>logical si^al obtained from a subject as a set of samples, 
the method comprising 

(1 ) e^imating the probability of each of a plurality of stage types for each sample; 

(2) cumulatively multiplying the probabilities for each sample with the probabilities of a prevkHis sample; 

(3) determining whk:h stage type has the highest probability when all samples in the epoch have been cumu- 
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latively muttplied; and 

(4) assignfftg that stage type to the epoch. 

12. A method according to clamn 10 or 11 wherein the physiological signals comprise EEG signals. 

13. A method of sleep monitoring, the method comprising: 

(1) obtaining an electrical st^al from a subject over a period d epochs, the electrical sigr^l being related to 
the sleep stage type being experienced t>y the subject; 

(2) analysing the electrical signal and assigning a sle^ stage type to each epoch to generate a hypnogram; 

(3) analysing the hypnogram to generate a summary Mex of sleep quality over the period of epochs; and 

(4) displaying the summary index of sleep quality. 

14. A method of vigilance monitoring, the method comprising: 

(1) obtaining an electrical si^al from a subject over a period of epochs, the electrical signal being related to 
the wakefulness stage type being experierx:ed by the subject; 

(2) analysing the electrical signal and assigning a wakefubiess stage type to each epoch to generate a Wake- 
ogram; 

(3) monitoring the Wakeogram to determine whether the Wakeogram meets predetermined criteria; and 

(4) generatng an alarm message when the Wakeogram meets the predetermined criteria. 

15. A method aocoit^ng to claim 13 or claim 14, i^erein the electrical signal comprises a single EEG channel, and 
the hypnogram or Wakeogram is generated from that signal only. 

16. A method accofding to cicum 8 or 9 and claim 13, 14 or 15 wherein the electrical signal comprises the EEG from 
the mastoKl site. 

17. A method according to any of claims 8. 9, 13, 14, 15 or 16, wherein the steep or vigilance stage type is determined 
by a method according to claim 11 or 12. 

18. Apparatus for carrying out a method according to daim 8, 9 or 11-17. wherein the apparatus comprises a neural 
network. 

19. A method according to claim 10, the method comprising training and testing the neural network of claim 18. 
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Fig.5. 
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Fig.5 (Cont). 



I 



39 



OVER EACH EPOCH. 
MULTIPLY ONE SECOND 
PROBABIUTIES FOR EACH 
OUTPUT FROM NETWORK 'A' 
AND IDENTIFY THE MOST 
UKELY SLEEP STAGE 
CLASSIFICATION FOR EACH 
EPOCH 



I 



40 



OVER EACH EPOCH, 
MULTIPLY ONE SECOND 
PROBABILITIES FOR EACH 
OUTPUT FROM NETWORK'S' 
AND IDENTIFY THE MOST 
LIKELY SLEEP STAGE 
CLASSIRCATION FOR EACH 
EPOCH 



I 



COMPARE EACH 
HUMAN'S SCORES OF 
EVERY EPOCH IN ALL 
RECORDINGS WITH THE 
OTHER HUMANS 
SCORES AND WITH 
EACH OF NETWORKS A" 
AND 'B' IN TURN TO 
ENSURE THAT BOTH 
NETWORKS PERFORM 
ACCEPTABLY 
COMPARED WITH 
INTER-HUMAN SCORING 



41 



1 



COMPARE THE HUMAN 

CONSENSUS SCORES 
OF EPOCHS FROM THE 
TEST SET WITH THE 
STAGE ASSIGNMENTS 

GENERATED FROM 
NETWORKS 'A' AND 'B' IN 
TURN TO ENSURE 
NETWORK 'B' .USING 
NOVEL EEG. PERFORMS 
AS WELL AS NETWORK 
'A'. USING STANDARD 
EEG 



42 



17 



EP 0 773 504 A1 




\ 

t: 



EP 0773 504 A1 



( BEGIN V 



60 



1 



GENERATE & STORE 
SLEEP STATISTICS 

FROM EPOCH 
CLASSIRCAT10NS 



I 



62 



C END 




RUN PREPROCESSING 
RLTER OVER CURRENT 
SECONOS'S EEG AND 
GENERATE COEFFICIENTS 



I 



FEED SECOND'S 
COEFFICIENT INTO NEURAL 
NETWORK TO GENERATE 3 
PROBABILITY VALUES 



55 



NO 




YES 



FOR EACH PROBABILITY 
OUTPUT, MULTIPLY 
TOGETHER THE 
PROBABILITIES FROM EACH 
SECOND OVER THE EPOCH 



57 



I 



19 



EP0 773 504A1 



Fig.7 (Cont). 
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